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Figure 1. Self-improving Reconstruction Engine. We introduce Selfi, a self-improving pipeline for novel view synthesis from unposed
images. We start by learning geometrically aligned features using consistency losses and self-labelled pseudo ground truths from a 3D
foundation model (e.g., VGGT [54]). These features can be used to predict Gaussian primitives [23], and also refine initial poses via bundle
adjustment. The improved poses are used to further adjust the initial 3D representation, resulting in an even higher quality final rendering.

Abstract
Novel View Synthesis (NVS) has traditionally relied on

models with explicit 3D inductive biases combined with
known camera parameters from Structure-from-Motion
(SfM) beforehand. Recent vision foundation models like
VGGT take an orthogonal approach – 3D knowledge is
gained implicitly through training data and loss objectives,
enabling feed-forward prediction of both camera parame-
ters and 3D representations directly from a set of uncali-
brated images. While flexible, VGGT features lack explicit
multi-view geometric consistency, and we find that improv-
ing such 3D feature consistency benefits both NVS and pose
estimation tasks. We introduce Selfi, a self-improving 3D re-
construction pipeline via feature alignment, transforming a
VGGT backbone into a high-fidelity 3D reconstruction en-
gine by leveraging its own outputs as pseudo-ground-truth.
Specifically, we train a lightweight feature adapter using
a reprojection-based consistency loss, which distills VGGT
outputs into a new geometrically-aligned feature space that
captures spatial proximity in 3D. This enables state-of-the-
art performance in both NVS and camera pose estimation,
demonstrating the benefits of feature alignment for down-
stream 3D reasoning. More details on our project page:
https://denghilbert.github.io/selfi

1. Introduction

Novel view synthesis (NVS) has long relied on known
camera parameters or those recovered from an SfM-first
pipeline: detect keypoints, match them, and solve for cam-
eras before optimizing a scene representation for render-
ing [23, 30, 34, 40, 41]. While effective, this decoupling
between the cameras and scene representation is not only
computationally intensive but also fragile – NVS quality
is highly dependent on the accuracy of SfM poses. Feed-
forward NVS methods remove per-scene optimization and
move toward direct prediction. Given calibrated images,
they extract image features and lift them to 3D primitives or
pixels in one forward pass [6, 11, 12, 20, 21, 45, 56, 63, 66,
71, 79, 80]. However, most approaches still assume known
cameras from SfM, so the quality also degrades when cali-
bration is inaccurate or even fails without SfM estimation.

The advent of 3D Vision Foundation Models (VFMs)
[25, 54, 59] has offered a paradigm shift. Trained on vast,
diverse datasets with 3D annotations, these models can pre-
dict camera poses, dense depth, and 3D structure from un-
calibrated images in a single forward pass, effectively by-
passing SfM. A promising recent direction is to leverage
these VFMs for NVS by directly decoding VFM features
into 3D representations like 3D Gaussians [19, 70]. How-
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ever, this approach suffers from a significant drawback: the
resulting NVS quality is substantially lower than that of
optimization-based methods. We hypothesize this is be-
cause VFM features, while powerful for the geometric pre-
diction tasks they were trained on, are not explicitly opti-
mized to be geometrically consistent across different views,
which is crucial for high-fidelity NVS.

This paper overcomes that limitation: we propose a sur-
prisingly simple feature alignment strategy to transform a
pre-trained 3D VFM into a state-of-the-art NVS and pose
estimation engine without using any 3D ground-truth an-
notations. Our key insight is to leverage the VFM’s own
outputs as a dense, self-supervised signal to learn a new,
geometrically-aligned feature space. We freeze VGGT as
a backbone foundation model and train a lightweight fea-
ture adapter by constructing a self-supervised task. Using
pseudo-ground-truth depth and cameras from VGGT, we re-
project query points from one view to other views to serve
as a correspondence signal. The feature adapter head pro-
duces per-pixel features for both images; we then enforce a
simple reprojection-based feature consistency loss between
features at their corresponding locations. This yields ge-
ometrically aligned features where feature similarity cap-
tures both semantic content and proximity in 3D space with-
out any camera annotations or 3D supervision beyond the
model outputs themselves.

The resulting features are powerful and versatile. First,
when used to predict parameters for 3D Gaussian Splat-
ting [23], our learned features achieve state-of-the-art NVS
quality from unposed images, dramatically outperforming
methods that use the original VGGT features. Second, these
geometrically-aligned features help establish robust corre-
spondences, allowing us to achieve better performance on
pose estimation with a few extra bundle adjustment (BA)
steps. Both of these are achieved in a fully self-supervised
manner. In summary, our contributions are:
• Self-improving geometric feature learning from un-

posed RGB. We introduce a reprojection-based feature
consistency loss to learn geometrically aligned 3D fea-
tures, without any annotations.

• State-of-the-art NVS and pose estimation results with
a frozen backbone. Despite training only small heads
on top of a frozen VFM, we set a new SOTA on unposed
NVS and pose estimation benchmarks.

2. Related Work

3D Reconstruction and Pose Estimation. Earlier 3D re-
construction pipelines rely on decoupled two-stage pro-
cesses, with Structure-from-Motion (SfM) for geometry
and cameras followed by Multi-view Stereo (MVS) for
depth [8, 22, 34, 38–41, 69]. While these methods are
grounded in multi-view geometry [16], they are slow and

lack robustness. More recent learning-based approaches
use diffusion models [52, 74, 78] and transformers [50,
53, 55] to directly infer geometric quantities like camera
pose, depth, and 3D point maps in an end-to-end man-
ner [25, 32, 51, 57–60, 67, 73]. These 3D Vision Founda-
tion Models (VFMs), trained on large, diverse datasets, have
demonstrated impressive generalization capabilities. Our
method builds on VGGT [54], a VFM designed to jointly
predict all necessary geometric quantities, which we use as
our geometric pseudo-label teacher.

Feed-Forward Novel View Synthesis. NVS aims to gen-
erate realistic images from arbitrary viewpoints. One class
of NVS methods, such as those built on NeRF [30], 3D
Gaussian Splatting (3DGS) [23], or voxels [14, 31, 44],
optimize a representation individually per scene and typ-
ically require calibrated inputs from SfM or a fixed cam-
era rig [4, 12, 26, 65]. In contrast, generalizable NVS
approaches train a network to directly regress a 3D scene
representation (e.g., volumetric fields or Gaussian param-
eters) from one or more input images in a feed-forward
fashion, but many still assume known camera parameters.
These methods may incorporate inductive biases like cost
volumes [6, 11], depths [64], epipolar constraints [43, 56],
or multi-plane images [11, 13, 49, 79]. More recently some
methods directly feed the inputs into a general-purpose
transformer architecture [66, 75], resulting in a renderable
representation [5, 45–47, 71]. Variations of this task aim
to reconstruct entire scenes in a single inference pass rather
than localized viewing angles [17, 80]. Given the recent rise
in models that also predict camera poses or pointmaps in a
feed-forward fashion, several works jointly regress Gaus-
sian splat parameters with cameras and geometry, allowing
for NVS from unposed images [19, 70, 77]. An orthogo-
nal approach taken by LVSM [20] and Rayzer [18] avoids a
3D representation entirely, and instead directly outputs the
rendered image. Our approach follows the per-pixel Gaus-
sian splat parameterization; we train a lightweight adapter
on top of the features derived from VGGT that yields an ex-
plicit 3D scene representation for rendering to new camera
viewpoints.

Vision Foundation Models as a Feature Backbone. Fea-
ture representations learned from large-scale VFMs like
DINO, CLIP, and more [9, 33, 35, 42] have proven invalu-
able for various downstream 3D tasks, including correspon-
dence matching and depth estimation [2, 25, 54, 59, 68].
Prior works have also leveraged diffusion features for se-
mantic correspondences [15, 29, 48, 72], while Feat2GS [7]
probes the representation space of various visual foundation
models using NVS as a proxy task for 3D understanding.
However, these features are primarily semantic and lack the
dense geometric consistency required for high-fidelity 3D
reconstruction. Rather than simply reusing existing VFM
features, we use features from VGGT to learn a geometri-



Figure 2. Geometric Feature Alignment with Self-Labeled Pseudo-Ground-Truth. Using a pretrained VGGT [54] backbone, we
use predicted depth and camera parameters as pseudo-ground-truth to align features obtained from a DPT adapter on top of VGGT image
tokens. We sample query points and reproject these points to a target view using depth and camera parameters. Our loss function encourages
the features at these two corresponding locations from source and target frames to be similar.

cally aligned representation space, and we demonstrate that
these features not only benefit NVS, but can be used to re-
fine predicted poses and achieve even better rendering.

3. Method
In this section, we first introduce our training strategy for
geometric feature alignment to obtain a powerful 3D-aware
representation in Sec. 3.1. Next, we feed these features into
an efficient 3D Gaussian predictor for Novel View Synthe-
sis (NVS) in Sec. 3.2. Finally, we leverage our features for
matching and dense bundle adjustment (BA) to further im-
prove pose estimation and novel view synthesis in Sec. 3.3.

3.1. Geometric Feature Alignment

While NVS methods with explicit 3D inductive biases [6,
12, 13, 23, 30, 71] are able to maintain geometric and ap-
pearance consistency when rendering to novel views by de-
sign, this property is not guaranteed in transformer-based
foundation models. Since 3D VFMs like DUSt3R [59] and
VGGT [54] learn 3D priors implicitly, their feature spaces
are not natively multi-view consistent. To bridge this gap,
we propose learning a geometrically aligned feature space
as a prerequisite for high-fidelity NVS [19, 28, 70].

Feature Correspondence Prediction. To produce our
aligned features, we take the feature backbone and aggrega-
tor from pre-trained VGGT [54] and append a spatial fea-
ture adapter DPT [36]:

Fi = DPTadapter(Ti), (1)

where image tokens Ti ∈ R4×(Hp×Wp)×D are taken from
four intermediate feature maps from the VGGT backbone

with Hp, Wp, and D as the feature spatial resolution and
feature dimension. Fi ∈ RH×W×C is the output feature
map for an arbitrary frame i, with H and W the same as the
output image resolution, and C = 24.

The goal of our feature alignment is to train the feature
adapter such that features corresponding to spatially proxi-
mal 3D locations exhibit high similarity. Given a sampled
query location n, source frame s, and target frame t, we
take the pixel-aligned feature Fn

s ∈ RC from the 2D source
feature map Fs, and the 2D target feature map Ft. We com-
pute a similarity map in Eq. (2) and apply a softmax with
temperature τ in Eq. (3):

Sn(u, v) =
Fn

s · Ft(u, v)

∥Fn
s ∥2 ∥Ft(u, v)∥2

, (2)

wn(u, v) =
exp(Sn(u, v)/τ)∑

u′,v′ exp(Sn(u′, v′)/τ)
. (3)

The predicted 2D correspondence p̂n
t (shown as an or-

ange dot • in Fig. 2) is obtained as a weighted average over
the (u, v) target coordinates.

p̂n
t =

∑
u,v

wn(u, v) [u, v], (4)

We find that using a weighted average over all pixels en-
ables the model to leverage information from all target fea-
tures during alignment, providing denser supervision com-
pared to contrastive training methods [25].

Pseudo-Ground-Truth Supervision from VGGT. To su-
pervise the predicted correspondence, we establish pseudo-
ground-truth 2D-2D correspondences using VGGT. Specif-
ically, given a set of images, we run VGGT [54] to obtain



per-frame depth maps Di, shared camera intrinsics K, and
relative poses [Rj←i|tj←i]. For a query pixel pn

s in source
frame s, we compute its corresponding location in a target
frame t via 3D unprojection and reprojection. We unproject
the pixel using its depth Dn

s to 3D space (orange triangle ▲
in Fig. 2), transform it to the target coordinate system, and
project it back to 2D to obtain the pseudo-GT correspon-
dence pn

t (yellow dot • in Fig. 2):

Pn
t = Rt←sD

n
sπ
−1
K pn

s + tt←s, (5)
pn
t = πKPn

t , (6)

where πK denotes the projection from 3D camera coordi-
nates to the 2D pixel space with intrinsic K, and π−1K de-
notes the inverse projection. To handle possible occlusions
during reprojection, we also maintain a hard visibility map
Vn

t , filtering by the difference between the z-coordinate of
the 3D point backprojected from the source view, and the
target-view depth map at the corresponding re-projected lo-
cation (which we refer to as Dn

t , the value of Dt at pixel
location pn

t ):

Vn
t =

[∣∣Pn
t · [0 0 1]T −Dn

t

∣∣ < α
]
, (7)

where [·] denotes the Iverson bracket.

Objective for Alignment. Given our predicted correspon-
dence p̂n

t and reprojection-based pseudo-ground truth pn
t ,

we optimize the features to produce high similarity at the
corresponding points, weighted by visibility:

Lalign =
1

TN

T∑
t=1

N∑
n=1

Vn
t

∥∥p̂n
t − pn

t

∥∥2
2
. (8)

We demonstrate in our baseline experiments Sec. 4.2 and
ablations Sec. 4.4 that our alignment strategy benefits down-
stream NVS performance. Moreover, we show that our
aligned features can further refine the initial camera poses
from VGGT via bundle adjustment, despite training on
pseudo-GT with zero projection error in Sec. 4.3.

3.2. Feed-Forward Gaussian Prediction

Using the aligned feature maps from the previous step, we
now predict 3D Gaussian parameters [23] to enable feed-
forward novel view rendering. We freeze the DPTadapter fea-
ture head and train a new U-Net [37] decoder. This U-Net
takes the aligned feature Fs concatenated with the source
input image Is, and predicts the parameters for each Gaus-
sian primitive relative to the source camera coordinates.
Specifically, the decoder outputs: quaternions qs, scales ss,
color cs, opacity σs, and a depth residual ∆Ds to be added
to the initial depth map Ds:

Fdec
s = U-Net(cat(Fs, Is)), (9)

qs,∆Ds = Convq(Fdec
s ),ConvD(Fdec

s ), (10)

{σs, ss, cs} = MLP(Fdec
s ), (11)

For the 3D positions of the Gaussians, we add the predicted
depth residual to the initial depth map and unproject the 2D
pixels into 3D locations µs relative to the source images’
coordinate frames:

µs = (Ds +∆Ds)π
−1
K ps. (12)

We predict colors cs using spherical harmonics coefficients
to model view-dependent effects [14, 23]. One key modifi-
cation in our work is that we also enable spherical harmon-
ics on the density σs [17], rather than using a single scalar
density. As the geometry prediction from VGGT may not
be fully accurate, in particular in low-confidence regions,
we find this view-dependent density crucial for overcom-
ing possible occlusions and misalignments. In effect, the
density spherical harmonics serves as a learned confidence
metric; for any given render viewpoint, it modulates opac-
ity so that unreliable Gaussians become transparent. This
also enables us to prune the low-confidence Gaussians for
rendering efficiency, a distinct approach from the voxeliza-
tion pruning used by AnySplat [19] and WorldMirror [28].
We quantify this design choice in our ablation (Sec. 4.4
and Tab. 6) and visualize the learned densities in Fig. 6.

Finally, the collection of 3D Gaussian parameters pro-
duced from all source images s are then rasterized to obtain
target renderings Ît using the predicted relative camera pa-
rameters Ct←s. The model is trained solely with an RGB
reconstruction loss:

Ît = Rasterizer({(σs, ss, cs,µs,qs,Ct←s)}Ss=1), (13)

LRGB =
1

T

T∑
t=1

∥∥Ît − It
∥∥. (14)

3.3. Dense Bundle Adjustment with Depth Shift

Compared to other feed-forward 3DGS methods [19, 28,
70] that perform post-optimization on both camera param-
eters and 3D Gaussians, our aligned features offer a more
classic and efficient alternative to improve camera parame-
ters with a quickly-converging bundle adjustment (BA).

While BA using correspondences from our aligned fea-
tures improves the estimated poses (Sec. 4.3), it also
changes the position of sparse 3D points associated with 2D
correspondences. This requires us to also adjust the Gaus-
sian centers to be consistent with this new geometry. We
find that, because the gradient from BA may change the es-
timated intrinsics, the 3D points will move along each cam-
era’s z-axis (in the depth direction) to compensate. Ignoring
this change in depth before rasterizing the Gaussian primi-
tives leads to rendering misalignment shown in Fig. 4a.

We observe that the change in depth is primarily a linear
function, as visualized in Fig. 4c. Therefore, it can be easily
modeled with an affine transformation ϕ(·) estimated from
the sparse BA points and applied to all densely predicted



(a) AnySplat [19] (b) WorldMirror [28] (c) Ours (d) GT

Figure 3. Qualitative Comparisons on DL3DV [27]. We visualize novel view renderings from AnySplat [19], WorldMirror [28], and our
method. Our method successfully recovers thin structures, such as guardrails, and fine-grained details, such as the text “Holidays”.

Gaussians. We apply ϕ(·) to the per-frame depth maps Ds+
∆Ds, with Gaussian scales adjusted accordingly:

µ′s = ϕ(Ds +∆Ds)π
−1
K′ps (15)

s′s =
ϕ(Ds +∆Ds)

Ds +∆Ds
· ss. (16)

where µ′s is the new 3D position scaled by the new affine-
corrected depth and K′ is the new intrinsics. The scale s′s
is adjusted proportionally. As shown in Fig. 4b and in the
experiments, this simple correction successfully bridges the
geometric gap, allowing for pose improvements from BA
and enhancing NVS quality.

4. Experiments
In this section, we first briefly introduce the datasets used
for training, implementation details, and evaluation metrics
in Sec. 4.1. We demonstrate the performance of our method
by comparing it with various novel view synthesis (NVS)
baselines in Sec. 4.2, and subsequently show in Sec. 4.3
that our aligned features are effective for bundle adjustment
(BA) and can further improve pose estimation. Finally, we
present ablation studies on all the design choices described
in Sec. 4.4.

4.1. Experimental Setup

Datasets. We train and test our model on two large-
scale public datasets: DL3DV [27] and RealEstate10K [79].
Both datasets contain diverse indoor and outdoor real-
world scenes at different scales, enabling the model to

(a) w/o Depth Shift (b) w/ Depth Shift (c) Shift Function

Figure 4. Bundle Adjustment with Depth Shift. (a) After re-
fining the camera poses with bundle adjustment, naively rendering
the predicted Gaussian primitives with the new poses results in
misalignment. (b) Propagating the adjustments in sparse 3D points
during BA to the dense depth maps results in improved rendering.
(c) We plot the sparse point depths before and after BA, and ob-
serve that a linear fit suffices for this adjustment.

be robust and generalizable across various scenes. We
also include conventional datasets like MipNeRF [62] and
Tanks&Temples [24] for NVS evaluation.

Training View Sampling. For geometric feature align-
ment, we sample 11 frames with different strides. The mid-
dle frame serves as the source frame, and all others are
used as targets. This stage is trained exclusively on DL3DV.
For the Gaussian U-Net decoder, we combine both DL3DV
and RealEstate10K. We sample 6 source frames at vari-
ous strides, and additionally, 5 frames between the source
frames are used as the target views. More details are in the
supplementary.

Implementation Details. We train the geometric features
using a DPT [36] decoder with the AdamW optimizer for



Dataset Method Short (6 Frames) Medium (12 Frames) Long (24 Frames) Longer (36 Frames)

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DL3DV [27]

3DGS [23] 25.63 0.8376 0.1985 27.92 0.8794 0.1678 27.97 0.8776 0.1745 28.47 0.8875 0.1693

AnySplat [19] 18.84 0.5665 0.2949 18.16 0.5297 0.3323 17.41 0.4871 0.3769 17.25 0.4727 0.3969
WorldMirror [28] 21.76 0.7389 0.2162 20.79 0.6884 0.2620 19.56 0.6067 0.3243 19.24 0.6007 0.3412
Ours 24.94 0.8442 0.1566 22.96 0.7849 0.2090 21.58 0.7302 0.2509 19.97 0.6632 0.3119

RealEstate10K [79]

3DGS [23] 28.46 0.9034 0.1477 29.57 0.9221 0.1275 30.72 0.9361 0.1025 28.47 0.8875 0.1693

AnySplat [19] 23.88 0.7949 0.1836 21.49 0.7439 0.2352 19.99 0.6932 0.2727 21.38 0.7344 0.2377
WorldMirror [28] 25.54 0.8691 0.1502 23.99 0.8464 0.1759 22.21 0.7883 0.2103 24.48 0.8521 0.1642
Ours 28.34 0.9021 0.1206 27.46 0.8974 0.1317 26.27 0.8815 0.1469 25.37 0.8537 0.1602

Table 1. Novel View Synthesis with Varying Sequence Length. We compare our method against several baselines on the
RealEstate10K [79] and DL3DV [27] datasets. As the number of input frames increases, the performance of all feed-forward methods
degrades, as it becomes more challenging to predict consistent 3D Gaussians from a greater number of views. In contrast, 3DGS [23] with
GT camera parameters, which we include as an upper bound, improves with more views as it can better optimize for consistency.

(a) AnySplat [19] (b) WorldMirror [28] (c) Ours (d) GT

Figure 5. Qualitative Comparisons on RealEstate10K [79]. We visualize novel view renderings from AnySplat [19], WorldMirror [28],
and our model. Our method more faithfully reconstructs details such as the door hinge and the tiled wall.

150K iterations. We use a cosine learning rate scheduler
with a peak learning rate of 1× 10−4 and a warm-up phase
of 1K steps. We randomly sample 4,096 query points on the
source frame for training. The geometric feature alignment
step takes roughly 2 days on 128 NVIDIA H100 GPUs.
Next, to train the Gaussian head, we use the same optimizer
and number of iterations but with a higher learning rate of
2× 10−4. The input and target rendering resolution is fixed
to 294 × 518. This stage uses 128 NVIDIA H100 GPUs
and takes about 1.5 days. The visibility threshold α is set
to 0.05, and the softmax temperature τ is 100. The entire
project is implemented in JAX [3]. More details are in the
supplementary.

4.2. NVS with Feed-forward Gaussians

Using our lightweight Gaussian head on top of geomet-
rically aligned features, we outperform relevant baselines
by a large margin in rendering quality. Despite using un-
calibrated inputs, our method achieves similar or superior
performance when compared to other methods that assume
known poses, including pixelNeRF [71], GPNR [43], Du
et al. [10], PixelSplat [5], MVSplat [6], DepthSplat [64],
GS-LRM [75], Long-LRM [80], LVSM [20], and Re-
Splat [63]. At the same time, we outperform existing

pose-free feed-forward Gaussian methods such as NoPoS-
plat [70], Flare [77], AnySplat [19], and WorldMirror [28]
by a significant margin. We also include per-scene opti-
mized 3DGS [23] with ground-truth camera parameters as
the strongest baseline for comparison.

For comprehensive evaluation, we evaluate performance
on: 1) Varying number of input views; 2) Varying de-
grees of overlap among input views, by changing the sam-
pling stride of the images; 3) Two-view evaluation split
from PixelSplat [5] on RealEstate10K [79]. All NVS
evaluations are conducted on hold-out scenes from both
RealEstate10K [79] and DL3DV [27].

Comparisons over Varying Sequence Lengths. We use
a fixed minimal sampling stride (5 for RealEstate10K, 2
for DL3DV) with varying numbers of input images (6, 12,
24, and 36), corresponding to longer sequences. This setup
tests the robustness of NVS models to different trajectory
lengths while maintaining a relatively consistent coverage
density. As detailed in Tab. 1, our method consistently out-
performs all baselines across all settings, and is even com-
parable to the per-scene optimization-based 3DGS with GT
camera parameters for shorter sequences. We do not report
the performance of Flare [77] in Tab. 1 due to its limitations



Dataset Method Small (Sparse) Medium (Regular) Large (Dense) Average

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

DL3DV [27]

3DGS [23] 19.58 0.6628 0.3517 25.55 0.8365 0.2000 25.63 0.8376 0.1985 23.59 0.7790 0.2501

AnySplat [19] 11.97 0.3251 0.5173 14.01 0.3845 0.4447 18.84 0.5665 0.2949 14.94 0.4254 0.4189
Flare [77] 13.86 0.3223 0.5145 15.26 0.3715 0.4281 18.93 0.5364 0.2429 16.02 0.4101 0.3952
WorldMirror [28] 14.98 0.4641 0.4363 17.03 0.5500 0.3571 21.76 0.7389 0.2162 17.92 0.5843 0.3365
Ours 19.46 0.7288 0.2589 22.52 0.8057 0.1903 24.94 0.8442 0.1566 22.30 0.7929 0.2019

RealEstate10K [79]

3DGS [23] 21.79 0.7755 0.2695 24.40 0.8405 0.2160 28.46 0.9034 0.1477 24.88 0.8398 0.2111

AnySplat [19] 18.02 0.6427 0.2993 20.09 0.6993 0.2554 23.88 0.7949 0.1836 20.66 0.7123 0.2461
Flare [77] 20.12 0.6423 0.2092 21.66 0.6950 0.1624 24.25 0.7767 0.1089 22.01 0.7047 0.1602
WorldMirror [28] 21.31 0.8005 0.2163 22.65 0.8283 0.1924 25.54 0.8691 0.1502 23.17 0.8326 0.1863
Ours 21.13 0.8575 0.1609 23.95 0.8835 0.1390 28.34 0.9021 0.1206 24.47 0.8810 0.1402

Table 2. Novel View Synthesis with Varying Overlap. We vary the degree of overlap between the input images by changing the sampling
stride. With more overlap, all methods demonstrate improved rendering performance, with our method achieving the best performance
overall compared to other feed-forward baselines. Notably, our method can achieve performance on par with 3DGS [23], despite 3DGS
using ground-truth poses and SfM point initialization.

Method PSNR ↑ SSIM ↑ LPIPS ↓

Pose-Required

pixelNeRF [71] 20.43 0.589 0.550
GPNR [43] 24.11 0.793 0.255
Du et al. [10] 24.78 0.820 0.213
pixelSplat [5] 26.09 0.863 0.136
MVSplat [6] 26.39 0.869 0.128
DepthSplat [64] 27.47 0.889 0.114
GS-LRM [75] 28.10 0.892 0.114
Long-LRM [80] 28.54 0.895 0.109
LVSM (enc-dec) [20] 28.58 0.893 0.114
LVSM (dec-only) [20] 29.67 0.906 0.098
ReSplat [63] 29.72 0.911 0.100

Pose-Free
NoPoSplat [70] 26.82 0.880 0.125
Flare [77] 26.91 0.873 0.127
Ours 29.01 0.942 0.053

Table 3. Quantitative Comparison with the Two-View Con-
vention. We follow the two-view convention previously used by
PixelSplat [5] on RealEstate10K [79]. Except for Flare [77], No-
PoSplat [70], and our method, all other methods require calibrated
images as input. Our method remains competitive even against
those that require ground-truth camera parameters.

on the number of inputs.

Comparisons over Varying Degrees of Overlap. We use
a fixed number of input images (6 frames) with varying
sampling strides, where larger strides correspond to smaller
overlap (i.e., sparse-view NVS). We test strides of 5, 10, and
15 on RealEstate10K [79], and 2, 4, and 8 on DL3DV [27].
As shown in Tab. 2, our method consistently outperforms
all pose-free baselines, with performance approaching or
exceeding 3DGS [23] in challenging sparse-view settings.
This demonstrates the effectiveness of our feature alignment
objectives in creating a robust and generalized 3D scene
representation, even when geometric input is sparse.

Qualitative Comparison. Our NVS results shown in Fig. 3
and Fig. 5, using six input frames with the large overlap set-
ting, are noticeably sharper and recover higher-frequency
details, like text and thin structures, than the baseline meth-
ods, further validating the effectiveness of our method.

Two-View Evaluation. We compare our method against

Dataset Bundle Adjustment Novel View Synthesis Pose Estimation

PSNR↑ SSIM↑ LPIPS↓ AUC@3 AUC@5 AUC@15

DL3DV [27] ✗ 24.94 0.844 0.156 0.813 0.876 0.955
✓ 25.13 0.850 0.152 0.870 0.916 0.970

MipNeRF360 [1] ✗ 23.27 0.730 0.212 0.261 0.394 0.711
✓ 23.46 0.741 0.204 0.312 0.454 0.775

Tanks&Temples [24] ✗ 19.41 0.746 0.200 0.818 0.886 0.961
✓ 19.54 0.755 0.198 0.955 0.973 0.991

Table 4. BA for Joint Pose Estimation and NVS. Using the
aligned features, we refine the camera poses using BA and fur-
ther adjust the predicted Gaussian positions to be consistent
with the BA output. This self-refinement operation yields fur-
ther improvements over the initial NVS without BA, which we
demonstrate on DL3DV and apply zero-shot to MipNeRF360 and
Tanks&Temples.

a range of pose-required two-view and sparse-view recon-
struction methods on 7k pairs from RealEstate10K [79]
in Tab. 3. Our method achieves the best results for
SSIM [61] and LPIPS [76] among all compared methods
(both pose-required and pose-free baselines). We hypoth-
esize that the slightly lower PSNR for our model can be
attributed to exposure differences in the two inputs and the
fact that our model is trained for multi-view NVS, so its ro-
bustness is slightly reduced when inputs are limited to only
two views.

Evaluation on the RayZer [18] Split. We evaluate our
method on RayZer setup and will further illustrate in the
supplementary.

4.3. BA for Pose Estimation and NVS

We evaluate pose refinement by running BA on VGGT’s
initial predictions using correspondences from both Co-
Tracker [22] and our method (see Tab. 5). Our feature-based
matching yields superior pose accuracy across varying in-
put sizes. Crucially, our method scales robustly to larger
input sets (e.g., > 40 images) where Co-Tracker fails due to
memory exhaustion.

We further validate that this improvement in pose jointly
improves NVS. We take these refined camera poses and
sparse Gaussian locations, move all predicted Gaussians



Method AUC@3 AUC@5 AUC@15 AUC@30

10 frames

VGGT w/o BA [54] 0.7900 0.8600 0.9470 0.9680
VGGT w/ BA [22] 0.8350 0.8840 0.9277 0.9734
Ours 0.8670 0.9142 0.9690 0.9842

40 frames

VGGT w/o BA [54] 0.8583 0.9014 0.9602 0.9787
VGGT w/ BA [22] 0.8720 0.9137 0.9588 0.9824
Ours 0.8819 0.9235 0.9713 0.9846

100 frames

VGGT w/o BA [54] 0.8447 0.8977 0.9617 0.9796
VGGT w/ BA [22] Out-of-Memory
Ours 0.8762 0.9192 0.9699 0.9839

Table 5. Pose Estimation Evaluation. VGGT achieves reason-
able performance, but the estimated poses can be further improved
via BA. We report results for different numbers of input images
and compare our BA results against Co-Tracker [22]. Our method
consistently improves the predictions, even when Co-Tracker [22]
fails due to out-of-memory.

with the affine depth correction following Sec. 3.3, and ob-
tain further improvements in NVS, as shown in Tab. 4 on
DL3DV [27], MipNeRF360 [1], and Tanks&Temples [24].

4.4. Ablation Study

Geometric Feature Alignment. We observe that our ge-
ometrically aligned features prove crucial for obtaining a
high-quality Gaussian head. To ablate this, we directly
adopt features from the tracking head of VGGT, with an
identical training schedule. The first two rows of Tab. 6
show that our features, despite also being trained indepen-
dently from the Gaussian head, offer a strong improvement
in NVS metrics. The importance of feature alignment is
also corroborated in our comparison to WorldMirror [28],
which directly passes feature tokens to the Gaussian head.

Spherical Harmonics (SH) Prediction. We ablate the im-
portance of predicting SHs for both RGB color and density
in Tab. 6. Unlike the original 3DGS [23], which assigns
only a scalar density to each Gaussian, density SHs play
a crucial role for NVS in helping to combat noisy estima-
tions in pose and depth, as shown in rows 4 and 5 of Tab. 6.
We provide visualizations in Fig. 6 for better understanding.
The first row shows six input images, with the target cam-
era placed at their midpoint. For each input view, we obtain
a set of Gaussians and rasterize them into the target cam-
era view. We show the rasterized results without (second
row) and with (last row) view-dependent density in Fig. 6.
Our model learns to use Gaussians from the closest input
frames, while Gaussians from inputs farther from the target
are assigned nearly zero density. We interpret this behavior
as a learned confidence score over density, and find that it
greatly improves rendering quality.

Figure 6. View-dependent Density. Given six input views (top
row), we render the Gaussians from each individual input to a tar-
get camera at the midpoint of the two center views. This process is
shown for models trained without (middle row) and with (bottom
row) view-dependent density. The view-dependent density serves
as a confidence score that learns to downweight input views that
are farther from the target view.

Feature Alignment Density SHs RGB SHs Bundle Adjustment Depth Shift PSNR↑ SSIM↑ LPIPS↓
✗ ✗ ✗ ✗ ✗ 22.53 0.759 0.240
✓ ✗ ✗ ✗ ✗ 23.29 0.792 0.210
✓ ✗ ✓ ✗ ✗ 23.70 0.801 0.207
✓ ✓ ✗ ✗ ✗ 23.55 0.798 0.205
✓ ✓ ✓ ✗ ✗ 24.67 0.835 0.169
✓ ✓ ✓ ✓ ✗ 24.61 0.833 0.164
✓ ✓ ✓ ✓ ✓ 24.88 0.844 0.157

Table 6. Ablation Studies on DL3DV [27]. We quantify the ben-
efits of geometric feature alignment, SH prediction, and depth cor-
rection after BA. For ablations, we use a smaller batch size of 32
for training and 6 inputs with a stride of 2 for evaluation.

Depth Shift with BA. Although subsequent BA using our
aligned features improves poses, we find that directly sub-
stituting the new poses actually hinders NVS, as shown in
the penultimate row of Tab. 6. This is because updating the
camera parameters after refinement requires simultaneously
moving all Gaussians to their correct locations and adjust-
ing their scales accordingly. Our observations, explained
in Sec. 3.3 and Fig. 4, suggest that this Gaussian transforma-
tion can be decomposed into a camera change and an affine
transformation along the z-axis. By incorporating this ad-
justment, we achieve better NVS results, shown in the last
row of Tab. 6.

5. Conclusion
We introduce Selfi, a self-improving approach for novel
view synthesis from unposed and uncalibrated images. Our
key insight is that while modern visual foundation models
provide a strong prior for a variety of 3D reasoning tasks,
their feature spaces may not be explicitly 3D aligned. Using
VGGT as a VFM backbone, we train a feature adapter by
constructing a self-supervised reprojection task, enforcing
feature consistency between 2D projections that refer to a
common 3D point. This geometric alignment not only im-
proves downstream NVS performance but also yields robust
correspondences for refining camera parameters via bundle
adjustment. We can then feed the refined cameras back into
the NVS model, and obtain further improvements in render-
ing quality. Using a self-supervised loop that aligns VFM
features and refines poses, our model achieves state-of-the-
art performance, demonstrating a powerful new direction
for robust, unposed novel view synthesis.
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